Abstract. It has been shown that vegetation growth in semi-arid regions is an important sink for human induced fossil 20 fuel emissions of CO 2 , which indicates the strong need for improved understanding, and spatially explicit estimates of 21 CO 2 uptake (gross primary productivity (GPP)) in semi-arid ecosystems. This study has three aims: 1) to evaluate the 22 MOD17A2H GPP (collection 6) product against eddy covariance (EC) based GPP for six sites across the Sahel. 2) To 23 find evidence on the relationships between spatial and temporal variability in EC based photosynthetic capacity (F opt ) 24 and quantum efficiency (α) and earth observation (EO) based vegetation indices 3) To study the applicability of EO up-25 scaled F opt and α for GPP modelling purposes. MOD17A2H GPP (collection 6) underestimated GPP strongly, most 26 likely because the maximum light use efficiency is set too low for semi-arid ecosystems in the MODIS algorithm. The 27 intra-annual dynamics in F opt was closely related to the shortwave infrared water stress index (SIWSI) closely coupled 28 to equivalent water thickness, whereas α was closely related to the renormalized difference vegetation index (RDVI) 29 affected by chlorophyll abundance. Spatial and inter-annual dynamics in F opt and α were closely coupled to the 30 normalized difference vegetation index (NDVI) and RDVI, respectively. Modelled GPP based on F opt and α up-scaled 31 using EO based indices reproduced in situ GPP well for all but a cropped site. The cropped site was strongly impacted 32 by intensive anthropogenic land use. This study indicates the strong applicability of EO as a tool for parameterising 33 spatially explicit estimates of photosynthetic capacity and efficiency; incorporating this into dynamic global vegetation 34 models could improve global estimations of vegetation productivity, ecosystem processes and biochemical and 35 hydrological cycles. 36 37 Biogeosciences Discuss.,
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It has been shown that the LUE method does not perform well in arid conditions and at agricultural sites (Turner et 81 al., 2005) . Additionally, the linearity assumed by the LUE model is usually not found as the response of GPP to 82 incoming light follows more of an asymptotic curve (Cannell and Thornley, 1998) . Investigating other methods for 83 remotely determining GPP is thus of great importance, especially for semi-arid environments. Therefore, instead of 84 LUE we focus on the light response function of GPP at the canopy scale, and spatial and temporal variation of its two 85 main parameters: maximum GPP under light saturation (canopy-scale photosynthetic capacity; F opt ), and the initial 86 slope of the light response function (canopy-scale quantum efficiency; α) (Falge et al., 2001 ; Tagesson et al., 2015a) . 87
Photosynthetic capacity is a measure of the maximum rate at which the canopy can fix CO 2 during photosynthesis 88 (µmol CO 2 m -2 s -1 ) whereas α is the amount of CO 2 fixed per incoming PAR (µmol CO 2 µmol PAR -1 ). Just to clarify the 89 difference in LUE and α in this study; LUE (µmol CO 2 µmol APAR -1 ) is the slope of a linear fit between CO 2 uptake 90 and absorbed PAR, whereas α (µmol CO 2 µmol PAR -1 ) is the initial slope of an asymptotic curve against incoming 91
PAR. 92
It has been proven that F opt and α are closely related to chlorophyll abundance due to their coupling with the electron 93 transport rate (Ide et al., 2010) . Additionally, in semi-arid ecosystems water availability is generally considered to be 94 the main limiting factor affecting intra-annual dynamics of vegetation growth (Fensholt et (Yoder and  97 Pettigrew-Crosby, 1995; Fensholt and Sandholt, 2003) . In this study we will analyse if EO vegetation indices can be 98 used for up-scaling F opt and α and investigate if this could offer a promising way to map GPP in semi-arid areas. This 99 potential will be analysed by the use of detailed ground observations from six different measurement sites (eddy 100 covariance flux towers) across the Sahel. 101
The three aims of this study are: 102 1) To evaluate the recently released MOD17A2H GPP (collection 6) product and to investigate if it is better at 103 capturing GPP levels for the Sahel than collection 5.1. We hypothesise that MOD17A2H GPP (collection 6) 104 product will estimate GPP well for the six Sahelian measurement sites, because of the major changes done in 105 comparison to collection 5.1 (Running and Zhao, 2015) . 106
2) To find evidence on the relationships between spatial and temporal variability in F opt and α and remotely 107 sensed vegetation indices. We hypothesise that remotely sensed vegetation indices that are closely related to 108 chlorophyll abundance can be used for quantifying spatial and inter-annual dynamics in F opt and α. 
where F opt is the CO 2 uptake at light saturation (photosynthetic capacity; µmol CO 2 m -2 s -1 ), R d is dark respiration 169 (µmol CO 2 m -2 s -1 ), and α is the initial slope of the light response curve (quantum efficiency; µmol CO 2 µmol PAR -1 ) 170 (Falge et al., 2001) . By subtracting R d from Eq. 1, the function is forced through zero and GPP is thereby estimated. We 171 fitted Eq. 1 using 7-day moving windows with 1 day time steps and generating daily values of F opt and α. To assure high 172 quality of the fitted parameters, parameters were excluded from the analysis when the fitting was insignificant (p-173 value<0.05), and when they were out of range (F opt and α >peak value of the rainy season times 1.2). Additionally, 174 outliers were filtered following the method by Papale et al. (2006) using 30-day moving windows with 1 day time steps. 175 176
Vegetation indices 177
We analysed the relationship between F opt , α and some commonly applied vegetation indices: 178
The maximum absorption in the red wavelengths generally occurs at 682 nm as this is the peak absorption for 179 
where ρ NIR is the reflectance factor in the near infrared (NIR) band (band 2) and ρ red is the reflectance factor in the red 183 band (band 1). The NIR radiance is scattered by the air-water interfaces between the cells whereas red radiance is 184 absorbed by chlorophyll and its accessory pigments (Gates et al., 1965) . Normalization is done to reduce effects of 185 atmospheric errors, solar zenith angles, and sensor viewing geometry, as well as increasing the vegetation signal (Qi et A well-known issue with the NDVI is that it saturates at high biomass because the absorption of red light at ~670 nm 188 peaks at higher biomass loads whereas NIR reflectance continues to increase due to multiple scattering effects 189 (Mutanga and Skidmore, 2004; Jin and Eklundh, 2014) . By reducing atmospheric and soil background influences, EVI 190 increases the signal from the vegetation and maintain sensitivity in high biomass regions (Huete et al., 2002) . 191
where ρ blue is the reflectance factor in the blue band (band 3). The coefficients C 1 =6 and C 2 =7.5 correct for atmospheric 193 influences, while L=1 adjust for the canopy background. The factor G=2.5 is the gain factor. 194
Another attempt to overcome the issue of NDVI saturation was proposed by Roujean and Breon (1995) , which 195 combines the advantages of the DVI (NIR-red) and the NDVI for low and high vegetation cover, respectively: 196
As a non-linear index, RDVI is not only less sensitive to variations in the geometrical and optical properties of 198 unknown foliage but also less affected by the solar and viewing geometry (Broge and Leblanc, 2001) . Incoming PAR at the ground surface from ERA Interim followed the pattern of PAR measured at the six sites in situ 211
closely, but it was systematically underestimated (Fig. 2) In a first step, the coupling between intra-annual dynamics in F opt and α and the vegetation indices for the different 221 measurement sites were studied using Pearson correlation analysis. Relationships between intra-annual dynamics in F opt 222 and α and the vegetation indices for all sites combined were also analysed. In order to avoid influence of the spatial and 223 inter-annual variability, time series of ratios of F opt and α (F opt_frac and α frac ) against the annual peak values (F opt_peak and 224 α peak ; see below for calculation of annual peak values) were estimated for all sites: 225
The same standardisation procedure was used for all vegetation indices (VI frac ): 228
where VI peak is the annual peak values of the vegetation indices (14 days running mean with highest annual value). Such 230 a standardisation gives fractions of how F opt , α and VI varies over the season in relationship to the annual peak value, 231
and it removes the spatial and inter-annual variation, and mainly intra-annual dynamics remains. The coupling between 232 α frac and F opt_frac and the different VI frac were examined using Pearson correlation analysis for all sites. The robustness of 233 the correlation coefficients was estimated by using a bootstrap simulation with 200 iterations in the correlation analysis 234 (Richter et al., 2012) . 235
In order to investigate spatial and inter-annual variability in F opt and α for the measurement sites, gaps needed to be 236 filled. Regression trees were used to fill gaps in the daily estimates of F opt and α. One hundred tree sizes were chosen 237 based on 100 cross validation runs, and these trees were then used for estimating the F opt and α (De'ath and Fabricius, 238 2000). We used SWC, VPD, T air , PAR, and the vegetation index with strongest correlation with intra-annual dynamics 239 as explanatory variables in the analysis. In the analysis for all sites, the same standardisation procedure as done for F opt , 240 α, and the vegetation indices was done for the hydrological and meteorological variables. The 100 F opt and α output 241 subsets from the regression trees were averaged and used for filling the gaps in F opt and α. 242
To investigate spatial and inter-annual variability in F opt and α across the measurement sites of the Sahel, annual peak 243 values of F opt and α (F opt_peak and α peak ; 14 days running mean with highest annual value) were correlated with the annual 244 sum of P, yearly means of T air , SWC, RH, VPD, R g , annual peak values of biomass, soil nitrogen and C concentrations, 245 C3/C4 ratio, and VI peak using Pearson linear correlations. Again, we used a bootstrap simulation methodology with 200 246 iterations in order to estimate the robustness of the correlations. 247 248
The GPP model 249
Based on Eq. 1 and the outcome of the statistical analysis previously described under subsection 2.4.1 (for results see 250 subsect. 3.2), a model for estimating GPP across the Sahel was created: 251 with the strongest relationships to intra-annual variability of F opt_frac and α frac for all sites, as follows: 260
where l Fopt and l α are the slopes of the lines and n Fopt and n α are the intercepts. Eq. 11-14 provide the relationships to 263 estimate F opt and α for any day of the year and for any point in space across the Sahel: 264 
Parameterisation and evaluation of modelled GPP and evaluation of the MODIS GPP product 272
In order to estimate the robustness of the GPP model and its parameters, we used a bootstrap simulation methodology 273 when fitting the empirical relationships. We used 200 iterations and different measurement sites were used in the 274 different runs when fitting the empirical relationships (Richter et al., 2012) . The runs generated 200 sets of slopes, 275 intercepts, and R 2 , from which the medians and the standard deviations were estimated. Possible errors (e.g. random 276 sampling errors, aerosols, electrical sensor noise, filtering and gap-filling errors, clouds, and satellite sensor 277 degradation) can be present in both the predictor and the response variables. Hence, we selected reduced major axis 278 linear regressions to account for errors in both predictor and response variables when fitting the regression functions. 279
The regression models were validated against the left-out subsamples within the bootstrap simulation methodology by 280 calculating the root-mean-square-error (RMSE), and by fitting an ordinary least squares linear regression between 281 modelled and in situ variables. 282
Similarly, the MODIS GPP product (MOD17A2H, collection 6) was evaluated against in situ GPP by calculating 283 RMSE, and by fitting an ordinary least squares linear regression. 
Results 286

Evaluation of the MODIS GPP product 287
There was a strong linear relationship between the MODIS GPP product (MOD17A2H; collection 6) and the in situ 288 GPP (slope 0.17; intercept 0.11 g C m -2 d -1 ; R 2 0.69; n=598). However, MOD17A2H strongly underestimated in situ 289 GPP (Fig. 3) Intra-annual dynamics in F opt and α differed in amplitude, but were otherwise similar across the measurement sites in 294 the Sahel (Fig. 4) . There is no green ground vegetation during the dry season, and the low photosynthetic activity is due 295 to few evergreen trees. This results in low values for both F opt and α during the dry season. The vegetation responded 296 strongly to rainfall, and both F opt and α increased during the early phase of the rainy season. Generally, F opt peaked 297 slightly earlier than α (average± 1 standard deviation: 7±10 days) (Fig. 4) . 298 <Figure 4> 299
All vegetation indices described intra-annual dynamics in F opt well for all sites (Table 2) . SIWSI 12 had the highest 300 correlation for all sites except Wankama Millet, where it was RDVI. When all sites were combined, all indices 301 described seasonality in F opt well, but RDVI had the strongest correlation (Table 2) . 302
The intra-annual dynamics in α were also closely coupled to intra-annual dynamics in the vegetation indices for all 303 sites (Table 2 ). For α, RDVI was the strongest index describing intra-annual dynamics, except for Wankama Fallow 304
where it was EVI. When all sites were combined all indices described intra-annual dynamics in α well, but RDVI was 305 still the index with the strongest relationship ( Table 2) . 306 <Table 2> 307
The regression trees used for gap-filling explained the intra-annual dynamics in F opt and α well for all sites (Table 3) . 308
The main explanatory variables coupled to intra-annual dynamics in F opt for all sites across the Sahel were in the order 309 of RDVI, SWC, VPD, T air , and PAR; and for α they were RDVI, SWC, VPD and T air . For all sites across Sahel, 310 incorporating hydrological and meteorological variables increased the ability to determine intra-annual dynamics in F opt 311
and α compared to the ordinary least squares linear regressions against the RDVI (Table 2 , data given as r; Table 3 ). 312
The incorporation of these variables increased the R 2 from 0.81 to 0.87 and from 0.74 to 0.84, for F opt and α 313 respectively. 314 <Table 3> 315 316 3.3 Spatial and inter-annual dynamics in photosynthetic capacity and quantum efficiency 317
Large spatial and inter-annual variability in F opt_peak and α peak were found across the six measurement sites in the Sahel 318 ( indices determined spatial and inter-annual dynamics in F opt_peak and α peak well (Table 5 ). NDVI peak was most closely 323 coupled with F opt_peak whereas RDVI peak was closest coupled with α peak (Fig. 5) . F opt_peak also correlated well with peak 324 dry weight biomass, C content in the soil, and RH, whereas α peak also correlated well with peak dry weight biomass, and 325 C content in the soil (Table 5) .
Evaluation of the GPP model 331
Modelled GPP was similar to in situ GPP on average, and there was a strong linear relationship between modelled GPP 332 and in situ GPP for all sites ( Fig. 6 ; Table 6 ). However, when separating the evaluation between measurement sites, it 333 can be seen that the model reproduced some sites better than others (Figure 7 ; Table 6 ). Wankama Millet is generally 334 overestimated whereas the model works on average well for Demokeya but underestimates high values ( Fig. 7 ; Table  335 6). Variability of in situ GPP at the other sites is well reproduced by the model (Fig. 7 ; Table 6 ). The final parameters 336 of the GPP model (Eq. 18) are given in Table 7 . 337 <Figure 6> 338 <Figure 7> 339 < Table 6>  340   < Table 7> linked to intra-annual dynamics in F opt and α. Our hypothesis was not rejected for F opt , since this was also the case for 348 all sites except for Wankama Millet (Table 2 ). The Wankama millet is a cropped agricultural site whereas all other sites 349 are savanna ecosystems. However, our hypothesis was rejected for α, since it was more closely related to vegetation 350
indices related to chlorophyll abundance (RDVI and EVI). Leaf area index increases over the growing season and it is 351 closely related to the vegetation indices coupled with chlorophyll abundance (Tagesson et al., 2009). This increases the 352
canopy level quantum efficiency (α) which explains the close relationship of α to RDVI. However, F opt peaked earlier in 353 the rainy season than α (Fig. 4) . Vegetation during this phase is vulnerable to drought conditions explaining the close 354 relationship of F opt to SIWSI. F opt can only increase up to a certain level due to other constraining factors (nutrient, 355 water and meteorological conditions) which could explain its closer relationship with SIWSI 12 than with RDVI. 356 We hypothesised that remotely sensed vegetation indices closely related to chlorophyll abundance can be used for 357 quantifying spatial and inter-annual dynamics in F opt and α. Indeed, NDVI, EVI, and RDVI all had close correlations 358 with the spatial and inter-annual dynamics in F opt and α (Table 5 ). It was surprising that NDVI peak had the strongest 359 correlation with spatial and inter-annual variability for F opt (Table 5) . Both EVI and RDVI should be less sensitive to 360 Our model substantially overestimates GPP for Wankama Millet (Fig. 7f) . As a crop field, this site differs in particular 369 from the other studied sites by its species composition, ecosystem structure, as well as land and vegetation management. some parameters that constrain or enhance F opt depending on environmental stress. Indeed, the regression tree analysis 384 indicated that incorporating climatic and hydrological variables increased the ability to predict both F opt and α. On the 385 other hand, for spatial upscaling purposes, it has been shown that including modelled climatic constraints on LUE 386 decreases the ability to predict vegetation productivity due to the incorporated uncertainty in these modelled 387 meteorological variables (Fensholt et al., 2006a; Ma et al., 2014) . For spatial upscaling to regional scales it is therefore 388 better to simply use relationships to EO data. This is particularly the case for the Sahel, one of the largest dryland areas 389 in the world that is characterised by few sites of meteorological observations. 390
Although MOD17A2 GPP has previously been shown to capture GPP relatively well in several different ecosystems 391 Baldocchi, D., Falge, E., Gu, L., Olson, R., Hollinger, D., Running, S., Anthoni, P., Bernhofer, C., 433 Davis, K., Evans, R., Fuentes, J., Goldstein, A., Katul, G., Law, B., Lee, X., Malhi, Y., Meyers, T., 434 Munger, W., Oechel, W., Paw, K. T., Pilegaard, K., Schmid, H. P., Valentini, R., Verma, S., Vesala, Table 3 . Statistics for the regression tree analysis studying relationships between intra-annual dynamics in the the photosynthetic capacity (F opt ) and quantum efficiency (α) and the explanatory variables for the six measurement sites (Fig. 1) . The pruning level is the number of splits of the regression tree and an indication of complexity of the system. 
